FORUM is intended for new ideas or new ways of interpreting existing information. It provides a chance for suggesting hypotheses and for challenging current thinking on ecological issues. A lighter prose, designed to attract readers, will be permitted. Formal research reports. albeit short, will not be accepted, and all contributions should be concise with a relatively short list of references. A summary is not required. 
Rationale
Empirical researchers love ratios --statisticians loathe them. The simplicity of ratios. when one variable is divided by another, makes them appealing mental devices yielding conclusions that are easy to interpret. even if erroneous. and warnings about their misuses are frequently left unheeded. In this note, we explore some of the methodological and statistical consequences of using ratios of variables and show the insensitivity of ratios to reflecting important biological phenomena. For illustration purposes. we will comment on the use of ratios in theoretical and empirical studies of allocation of biomass to roots and shoots in plants, although we believe our points are of general relevance for biological and medical research.
Ratios are very effective at obscuring knowledge of relationships between variables, which should always be explored through the study of allometry and multivariate techniques. Furthermore. 'the explosion of the confidence limits'. a statistical trap waiting for the unwary ratio-builder, severely reduces the usefulness of ratios in biology. This property renders untestable many theoretical models in biology in which predictions have been expressed as relationships involving ratios, or even ratios of ratios. The precision of empirical procedures used in biology to measure variables sets stringent limits on the range of values of statistically in ratios generated under the null hypothesis is so broad that in order for the observed ratio to be significant. either the original variables lnust be measuredwith unrealistically high precision or sample sizes must be dramatically increased.
significant ratios, sampling
Virtual ratios
We performed computer simulations of the behavior of simple (two-variable) or compound (four-variable) ratios, under various combinations of sample sizes and levels of variability of the original variables. Four uncorrelated original variables were each obtained by generating 2000 random observations from a normal distribution with the parametric mean of 1 and a given standard deviation. Six levels of variation in the original distributions were used in simulations, corresponding to the coefficients of variation of 5, 10, 20, 30, 40 . and 50(%.a biologically meaningful range of values. For simplicity, distributions were symmetrically truncated at zero and two. Next, 2000 samples were taken with replacement from each distribution and means were determined for each sample. A mean corresponded to an average value observed in a group of organisms from an experimental treatment. Simulations explored samples of size 2 through 30 (behavior of ratios did not change substantially in samples larger than 20 individuals). Sample means obtained in a given iteration were used to compute a simple ratio (ratio of two variables) and a compound ratio (ratio of four variables, as in Eq. 1 below). Bootstrap distributions of the randomly created ratios yielded 9594 confidence intervals of the null model (Fig. 1) . The null hypothesis states that the effects of the experimental treatment in question are nil, so the ratio of mean indices of performance from each treatment is expected to be unity. Since any empirically observed ratio of variables would have to fall outside the confidence interval to be considered statistically significant, the 2.5% and 97.5% percentiles represent the flagposts of testability of any theoretical model involving ratios.
For example, a study may focus on several measurable variables, each with the coefficient of variation of 10%. Depending on sample size, the confidence limits for the ratios, as obtained in our simulations. are 0.887-1.130 (n = 5), or 0.916-1.087 (n = 10). In the case of higher levels of variability in the original variables (due to genuine biological variation or mensurational difficulties), 95% confidence limits for the null model are wider: for n = 5, confidence interval ranges from 0.790-1.296 (CV = 20%). 0.676-1.440 (CV = 30%), and 0.592-1.642 (CV = 4O1!h).
The requirements for the significance of the compound (four-variable) ratios are even more stringent. The 95% confidence limits of the null model are 0.839-1.191 (n = 5), or 0.888-1.125 (I? = 10). With the original variables varying more, 95% confidence limits for the null model are, for n = 5, 0.689-1.414 (CV = 20%), 0.578-1.691 (CV = 30%), and 0.492-2.010 (CV = 40%). Since these analyses are based on simulations using uncorrelated variables, one should remember that significant negative or positive correlations among variables will obviously change the results. Each particular research design, therefore, may require ad hoc procedures aimed at accounting for the presence of ratios of variously correlated variables (Schuessler 1974) . We believe that the ease with which simple statistical simulations can be performed and customized (using e.g., as in this study, the Resampling Statistics\rogramming environment) removes the need for any more extensive and context-specific recommendations. Models formulated in terms of ratios can therefore be verified only by effects of very substantial magnitudes. Such large effects, although sometimes observed (Blem 1984) , may be either biologically improbable or difficult to obtain experimentally, due to technical limitations. Consequently, statistical power for rejecting a ratio-based model is reduced Boardman 1987, 1988 ) thus leading to large Type I1 errors.
Empirical ratios
Potential methodological difficulties with the use of ratios are illustrated using a recent excellent theoretical study by Luo et al. (1994) , whose comprehensive and detailed descriptions allowed us to use it as an example, without questioning the merit of the models themselves. The study addressed various scenarios under which an enrichment in the atmospheric concentration of carbon dioxide leads to decreases or increases in the fraction of biomass allocated to roots. A model derived from the regulatory paradigm of the balance between photosynthesis and growth focuses on the relationship between the C0,-related responses in relative growth rates and responses in photosynthesis. The growth response is expressed as the ratio of relative growth rates attained, respectively. under elevated (Re) and ambient (R,) levels of CO,. Similarly, the photosynthetic response is quantified as the compound ratio of photosynthesis rate (per unit shoot mass) expressed under elevated C02. over that expressed under the ambient C 0 2 levels. according to the formula:
The index is a ratio of two ratios of the original variables. However, each of the components is a ratio itself! A, denotes the daily net assimilation rate, measured in g m 2 d ', while h is leaf mass per unit area -(measured in g m-'). Although we are not addressing this issue further, fully unpacked, the index used by Luo et al. is a double-compound ratio, involving three measurable variables (carbon amount, leaf mass, leaf area -each measured with error) at each CO, level.
Ecophysiological measurements required to test the models proposed by Luo et al. are characterized by substantial variability. For example. coefficients of variation in measurements of CO, uptake rate (ymol m -2 s -I ) reached 38% and 34% at the ambient CO, level. in Abutilon and Amaranthus. res~ectlvelv. and 22% and 39% at elevated CO, (n = 5 in each case, Coleman and Bazzaz 1992) . The coefficient of variation for the total amount of plant nitrogen (n,) on day 80 of growth varied between 13% and 22% (colernan and Bazzaz 1992). of as quantified by the coefficient of variation, in the net assimilation rate in wild radish changed during an experiment at 600 ppm of CO, from approximately 30' 1/0 to almost 70% (n = 4, Chu et al. 1992) . Consequently. any ratios involving these variables will suffer a high level of imprecision, as expressed in very wide regions of nonsignificance (Fig.  I) . The domains for both axes presented by Luo et al. (1994) in their Fig. 3 are almost completely covered by the 95% confidence intervals for the null model (0.676-1.440), assuming samples of five individual plants each, and coefficients of variation of 30% in all uncorrelated variables. Hence, under the assumption of realistic sample sizes and achievable precision of measurements, the models may be untestable.
Rationing biomass: allocation patterns and the irrelevance of ratios
Allocation of biomass to root and shoot is usually expressed as the root-to-shoot ratio (Norby 1994) or its alter ego, the shoot-to-root ratio (the latter appearing in literature with the frequency of 40%, as shown by an impromptu survey of Biological Abstracts from 1988 until 1993). Only recently have researchers shifted focus to expressing the dynamic process of root-shoot allocation using allometric approaches (e.g. Norby 1994 ). for there is a lot to be gained from plotting the original variables (Packard and Boardman 1989 )! The simple point we are making here is that root-shoot ratios obscure insights into relationships between amounts allocated to below-ground and above-ground parts -in itself one of the critical aspects of plant biology. We illustrate this point by applying to the root-shoot allocation problem a simple model developed originally in the context of life-history evolution (van Noordwijk and de Jong 1986) . Van Noordwijk and de Jong (1986) observed that changes in two fundamental processes. acquisition of biomass and its allocation between two traits. had different effects on the allometric relationship between these two traits. Although a trade-off between such traits (such as root and shoot) is inevitable within a single individual (implying a negative correlation). the results of population-level analyses depend on the relative levels of variation in the processes of acquisition and allocation. When the experimental treatment affects only inter-plant variability in total biomass (i.e. process of acquisition: as shown in insets by the distance between the parallel lines; Fig. 2a. b ) the correlation between root and shoot biomass changes from none to clearly positive. This effect occurs without the treatment affecting the mean biomass of plants or the pattern of allocation of biomass between root and shoot. In contrast, when the experimental treatment affects only inter-plant variability in the fraction allocated to roots (as shown in insets by the angle between the diverging lines; Fig. 2a, c) , the root-shoot correlation changes from none to clearly negative. However, root-shoot ratios are incapable of expressing these biological phenomena (which have direct implications for discussions of biomass allocation and trade-offs) -all four average root-shoot ratios calculated in Fig. 2 are very close to 1 (as expected, since the simulated plants were sampled from a normal distribution with the mean root allocation of 50%).
The distribution of individual ratios is known to be frequently skewed to the right (Atchley et al. 1976) and it is also known that the expected value of the reciprocal of the variable is not equal to the reciprocal of the true mean of this variable (Buonaccorsi and Liebhold 1988) . As the sin~ulations presented in Fig. 2 suggest, the root-shoot ratio is biased upwards by 2-5'Y". This observation may indicate that the estimates of the effects of experimental treatments may be substantially biased, when expressed in terms of root-shoot ratios. For example, while root-shoot ratio in trees was found to be little affected by the elevated CO, treatment. with average increase of only 6%) (Norby 1994) , this value may already be an overestimate of the actual CO1 effect. The bias is only one of the unfavorable features of root-shoot ratios. with ontogenetic effects being one of the most prominent sources of confusion (Coleman et al. 1994 . Norby 1994 . Illusory or imprecisely estimated effects of the experimental treatments on rootshoot ratios may create a misleading impression of functional responses of plants explainable, in fact, by variation in developmental rates, or effects of the treatments on variation itself.
Concluding ratiocination
Ratios have always been a convenient and easy trick used by empirical researchers to simplify the array of variables to analyze. Alas, ratios are inaccurate and biased (Buonaccorsi and Liebhold 1988) , have non-norma1 distributions, give no insight about the relationship between the variables involved (see e.g. Atchley et al. 1976 , Albrecht 1978 , Buonaccorsi and Liebhold 1988 , Welsh et al. 1988 , Raubenheimer and Simpson 1992 , Albrecht et al. 1993 , Raubenheimer 1995 , Sokal and Rohlf 1995 and exhibit misleading temporal and ontogenetic dynamics (Jasienski et al. 1998, Thomas and Jasienski 1996) . When expected to remove the effect of the scaling variable (Atchley et al. 1976 , Dodson 1978 , Reist 1985 . Packard and Boardman 1988 , Albrecht et al. 1993 ; see also Corruccini 1995 , Jungers et al. 1995 , ratios fail.
Computing the ratios (as well as other mathematical expressions) may induce spurious self-correlations between variables (Atchley et al. 1976 , Anderson and Lydic 1977a , Kenney 1982 , Jackson et al. 1990 . Jackson and Somers 1991 . Raubenheimer 1995 , a fact notlced a ratios with the same variable appearing as both numercentury ago by Pearson (1897) For ~t s shock value, one ator and denominator (x,/x, and x,,x,) will tend to be should recall the fact that the correlation coefficient negative (Schuessler 1974) . Furthermore, properties of betueen ratio karlables x, x, and x, x, may be 0 5 or ratios cannot be evaluated without an explicit reference more. with karlables xi. x,, and x, being completely to the shapes of the distributions of the component uncorrelated (Atchley et al. 1976 )' In general, while the variables (Atchley 1978) and even when such distribucorrelatlon between ratlos sharlng elther the same de-tions are normal. the behavior of the ratio is complex nominator (x, x, dnd xZ1x3) or numerator (u, x2 and (Hiilkley 1969. Buonaccorsi and Liebhold 1988 ). x, x,) is expected to be positive. the correlatlon between Buonaccorsi and Liebhold (1988) (Harvey 1982) and morphology (Ranta et al. 1994) , taxonomy (Phillips 1983 : see also Frampton and Ward 1990) , physiological ecology (Feder et al. 1987 ). plant biomechanics (e.g. Niklas 1993 , and population ecology (Weiner and Thomas 1992 (Ebert and Russell 1994) or nonlinear regression (Chappell 1989 (Atchley et al. 1976 . Albrecht 1978 ), e.g. in animal physiology (Anderson and Lydic 1977a , Blem 1984 and ecophysiology in general Boardman 1987, 1988 ; but see Magnusson 1989. Tracy and Sugar 1989) , in aquatic sciences (Jackson et al. 1990) , nutritional studies (Raubenheimer and Simpson 1992) or in analyses o f root.shoot allocation (Coleman and Bazzaz 1992 (Packard and Boardman 1988) . This situation occurs when treatment effects are large (Blem 1984) or under isometrc scaling (with the intercept o f zero and slope o f 1 ) . i.e. when ratios are successful in the scaling o f the data (e.g. Lydic 1977b. Raubenheimer 1995) . The agreement o f the results depends on the degree o f nonlinearity in the relationship between numerator and denominator (Raubenheimer and Simpson 1992) (Cartwright 1983) . reducing "the degree o f correspondence between the model and the material world it seeks to represent" (Oreskes et al. 1994) . It is clear that more mutual intellectual interaction between the camps o f modelers and empirical researchers is desperately needed (Loehle 1983 . Hall 1988 . Lomnickl 1988 . Weiner 1995 .
